Based on the LST and the landscape metrics of water body with remote sensing technique and spatial analysis, the relationship between the mean LST and the attributes of water body was revealed via Pearson's correlation analysis and multiple stepwise regression analysis. Result showed that, in 32 class-based metrics we selected, the proportion of water body, average water body size, the isolation and fragmentation of water body, and other eight metrics have high correlation with the LST. As a resultant force, the quantity, shape, and spatial distribution of water body affect the forming of temperature. We found that the quantity and spatial pattern of city water body could be allocated reasonably to maximize its cooling effect.
Introduction
With the rapid development of urbanization since industrial revolution, land use and land cover (LULC) of the earth has changed dramatically because of human activities and natural disasters. At the same time, LULC not only changed the land surface condition, but also reduced the stability of the earth surface ecosystem. As a result, LULC has affected the climate change directly and indirectly [1] and hence has become more and more important study area for environmental researchers [2] [3] [4] .
One relative mature research is the study of the relationship between LULC and urban heat island (UHI) [3, 4] . Studies have proved that the urban built-up land has positive influence on UHI [5] , while green landscape has negative influence on UHI [3] . In addition, water body is another land use type with negative influence [6, 7] as the water bodies in city achieve cooling effect by transpiration and heat exchange with the surrounding environment. Compared with the studies of built-up, green landscape land use types, the research on urban water body is relatively less at present. There are three aspects in this research: (1) the relationship between water body and land surface temperature; the temperature of water is lower than other kinds of land uses [7] ; (2) the impact of spatial characteristics (e.g., shape) on UHI [8] ; (3) the configuration of water body, and its relationship with UHI [9] .
The land surface temperature (LST), as one important indicator of the UHI [1] , has been used in many researches to represent climate effects. This paper studies the relationship between the land surface temperature and the water body from the view of landscape pattern.
Wuhan, the capital of Hubei province, in central China, is famous for the title of "one of four furnaces in China. " And it has another name: "the city of hundreds lakes, " whose water area covers around 25% of the territory and the coverage of water area ranks first in the whole country. In recent years, Wuhan city has experienced rapid urbanization and economic development. As a result, many urban water bodies in Wuhan city have been disappeared because of the pressure to gain extra land profit in the process of urban development [10] . At the same time, the land use/cover change has a great effect on its local climate. Therefore, Wuhan city is chosen as the case area to estimate the relationship between LST and the water pattern from the view of landscape ecology.
Based on existing research, this paper used the Landsat Thematic Mapper (TM) data to retrieve LST and land use/ cover for water. Then, considering the number of samples and computational burden, Wuhan city was divided into 736 sample areas whose size is 3000 m * 3000 m. Then the landscape metrics of water and the mean LST of each sample area were calculated by using ArcGIS 10.0. With the help of statistical analysis theory and methods, Pearson's correlation coefficients were used to determine the effect of the spatial structure of water on the LST. Finally, the computed experimental samples could be fitted to multiple linear regression model by stepwise regressions. The total territorial area of Wuhan is about 8494.41 km 2 , and the water area is about one-fourth of the city's total area. The famous rivers and lakes in Wuhan city are Yangtze River, Han River, East Lake, South Lake, and so on. These rivers/lakes mentioned above, together with other water bodies of Wuhan, are scattered and distributed in the study area. And they have a big influence on humidity, purifying atmosphere of Wuhan climate.
Study Area and Data Sources
Wuhan's economy strength has grown rapidly, and levels of the industrialization and urbanization were improved as well. By the end of 2005, the resident population of Wuhan city was 8.58 million, and the annual GDP per capita reached 26238 Yuan. 
Methods and Models

Research Framework.
The basic idea of analysis for the impacts of landscape metrics of water on land surface temperature is illustrated in Figure 2 . Based on the Landsat 5 TM imagery, the land use information was extracted by the method of supervised classification, and the LST was retrieved by using the single-channel algorithm. Then considering number of statistical samples and the computational burden, Wuhan was divided into 736 sample regions. The mean LST and landscape metrics of water in each sample region as sample data would be used to do Pearson's correlation analysis and multiple stepwise regression analysis. By comparing relationship between the landscape metrics of water and the LST, it is meaningful to reveal the impacts of the spatial structure of water on LST, which can help improving urban environment through rational allocation of water resources.
Acquisition of Land Use Map.
In order to calculate landscape metrics of water, a land cover classification is necessary to obtain the land use map in study area. In this paper, five land use classes were established: urban, forest, cropland, bare land, and water. It should be pointed out that water in here mainly includes rivers, lakes, and ponds. There are three steps to derive land use map. First, region of interest (ROI) was selected on the true color image, which was produced by combining bands 5, 4, and 3 of the TM images. They were used as training areas after passing separable test. Second, neural net classification was employed to perform the classification. Third, for each land category, at least 60 samples were selected randomly to check the accuracy of the classified maps by using confusion matrices. In addition, the true ROI was identified on the Spot image used as ground surveys in accuracy assessment. The overall accuracy is approximately 80%, and the overall kappa statistics value nearly reached 0.8, which met the recommended value. Fourthly, a 3 * 3 moving window in clump process was used to do postclassification process, which can eliminate the unnecessary image noises from visual interpretation. After completing these above steps, the land use map was obtained as shown in Figure 3 (b).
Retrieval of LST.
In order to acquire the LST of Wuhan city, the brightness temperature should be derived first. A method composed by three equations was proposed by Qin et al. (2001) to derive brightness temperature from TM images [11] . The first equation can convert digital number of band 6 into radiation luminance ( TM6 , m × W × cm −2 × sr −1 ) as follows:
where DN is the digital number of TM image. max and min represent the maximum and minimum radiation luminance corresponding to the DN max (255) and DN min (0). According to Li [12] , the max is 1.896
Then brightness temperature can be derived by two equations as follows:
where is 1.239 m and represents the effective spectral range; 1 = 60.766 m × W × cm −2 × sr −1 × m −1 and 2 = 1260.56 K, and they are prelaunch calibration constants of Landsat TM5.
The brightness temperature obtained above just represents blackbody temperature. However, the blackbody is not existent in the real world. So it is necessary to convert the brightness temperature into LST by using the following formula [13] :
where represents the LST, represents brightness temperature, and is the effective wavelength whose value is 11.5 m; = ℎ / = 1.438 * 10 −2 mk; Boltzmann constant = 1.38 * 10 −23 J/K; Planck constant ℎ = 6.626 * 10 −34 J * S; speed of light = 2.998 * 10 8 m/s [14] . As emissivity is difficult to obtain, this paper uses Van's empirical formula [15] : when NDVI ≤ 0.157, = 0.923; when 0.157 < NDVI < 0.727, = 1.0094 + 0.047 ln(NDVI), and the emissivity of water is 0.9925. After finishing these above steps, the LST image was retrieved, shown in Figure 3(a) .
Calculation of Spatial Structure of Water Body by Using
Landscape Metrics. From the land use map of Wuhan city, it can be intuitively identified that water body is evenly distributed in the whole study area. Unlike other metropolis in China, such as Beijing and Shanghai, the correlation between mean LST and water-based landscape metric is more significant in Wuhan because of the large quantity and special spatial structure of water body in study area [9] , as it shown in Figure 4 .
As we all know, landscape metrics are often used for quantitative spatial model building in biological, habitat, and landscape ecological contexts [16] . And they are used to analyze and characterize urban land use and structure types [17] . In this paper, 32 class-based metrics' landscape was used for quantitative expression of the spatial structure of water body.
Considering the relatively low time resolution of TM images, it is not convenient to get a series of sample data in the view of time, and the sample data would be chosen in space. Wuhan was divided into 736 sample regions whose size is 3000 m * 3000 m (the value is determined by several experiments). The mean LST of each sample region was calculated by zonal statistics in ArcGIS 10.0 and the value of Moran's I was acquired to measure the spatial autocorrelation of the mean LST. Then the landscape metrics of water body were got using Patch Analyst 5. Patch Analyst 5 is an extension to ArcGIS system that can facilitate the spatial analysis of landscape patches and is used for spatial pattern analysis.
Then Pearson's correlation coefficients between the landscape metrics and mean LST were calculated. It is a significance test between spatial structure of water body and the mean LST.
Stepwise multiple regression analysis was designed to find the most parsimonious set of predictors which are most effective in predicting the dependent variable [18] . Analyses were performed using IBM SPSS Statistics.
Results and Discussion
The Land Use Types and Their Corresponding Mean LST.
In this paper, in order to study the land surface temperature relationships of different land use types, the mean temperatures of different land use types were calculated by averaging all corresponding pixel values ( Table 1) .
The results shown in Table 1 suggested that the built-up area is corresponding to relatively high temperature, while the water body with lowest temperature may affect the LST, which will be considered as potential mitigating factors. Because the urban underlying surface is made up of different land use types, it is reasonable to analyze the relationship between land use and LST, through considering other land use types as potential factors.
Relationship between the LST and Landscape of Water
Body. The mean temperature of each sample area is shown in Figure 5 , and the value of Moran's I is 0.5969. Moran's I is a measure of spatial autocorrelation. Therefore, it was found that the temperature has a strong spatial autocorrelation. In this paper, we used a covariate to control the autocorrelation of the mean temperature.
Since we select 32 class-based metrics, not every landscape metric has high correlation with temperature. We choose the landscape metrics whose Pearson's correlation coefficient with temperature is higher than 0.4. The landscape metrics shown in Table 2 are highly related to the landscape metrics of water body.
Through multiple stepwise regression analysis, the most effective landscape metrics in predicting the dependent 
where 1 represents surrounding temperature accessed from the weight matrix via Generate Spatial Weight Matrix of ArcGIS tools. The threshold of its distance is 6000 m, double of spatial resolution. The weight matrix can be used to explain the impact of surrounding pixels' temperatures on the center pixel. In this study, it can also eliminate the spatial autocorrelation when analyzing the impact of water's factors on temperature. 2 -8 represent TCA, MCA, TCAI, CACVI, IJI, MPI, and MNN, respectively. The model is significant at the 0.05 level, and the adjusted 2 reached 0.814. All independent variables are significant at 0.05 levels, whose meaning is shown in Table 3 [19, 20] .
According to the result, it was found that the LST has spatial autocorrelation with water body. And the surrounding temperature calculated through weight matrix can help reduce the space correlation. The results of Pearson's correlation analysis show that the proportion of water body, average water body size, and the percent of the total landscape have relationship with the mean LST. They are made up by the largest water body patch and the isolation and fragmentation of water body. While the quantity, shape, and spatial distribution of water body affect the forming of temperature as resultant force, the result of multiple stepwise regression analysis reveals how the attributes of water body influence temperature.
Conclusions and Discussions
Rational allocation of land resources not only maintains the sustainable development of social economy, but also mitigates climate change. This research field has become one of the hottest issues in government and academy society. Despite the fact that Wuhan has abundant surface water resource, the amount of water resources is under severe threat. Meanwhile Wuhan is facing problems caused by urban heat island.
The UHI types can be generally categorized into air temperature UHI and surface UHI [21, 22] . Air temperature UHIs are generally stronger and exhibit greatest spatial variations at night, whereas the greatest difference in surface UHIs usually occurs during the daytime [21] [22] [23] . In this study, we focus on remotely sensed land surface temperature (LST): surface UHI.
Remotely sensed LST records the radiative energy emitted from the ground surface, including building roofs, paved surfaces, vegetation, bare ground, and water [21, 24] . Therefore, the pattern of land cover in urban landscapes may potentially influence LST [21, 25] . This study took Wuhan city as the case area and investigated the impact of water landscape pattern on UHI. Based on the mean LST and landscape metrics of water body via remote sensing technique and spatial analysis, the relationship between the mean LST and the attributes of water body was revealed by Pearson's correlation analysis and multiple stepwise regression analysis.
The results showed the following. (1) Compared to other land use types, water body is corresponding to lower LST. (2) In 32 class-based metrics we selected, the proportion of water body, average water body size, the isolation and fragmentation of water body, and other eight metrics have obvious correlation with the LST, whose Pearson's correlation coefficient with temperature is higher than 0.4. Among the 11 metrics, class proportion, CA, TCA, and LPI are of very high correlation with LST. The proportion of water body has a negative correlation with the mean LST. It means that in a fixed region, the lower the ratio of water body, the higher the mean LST. Meanwhile, the average water body size, the percent of the total landscape which is made up by the largest water body patch, and the isolation and fragmentation of water body all have negative correlation with the mean LST. (3) The LST is the result of comprehensive effects of multifactors. The result of multiple stepwise regression analysis indicated that the total size and amount of core water patches have a larger effect on the LST except for the variable of surrounding temperature calculated through weight matrix. The core water patches represent the interior water body with small external influence.
By analyzing the relationship between the LST and the attributes of water body, it was found that the spatial characteristics of water body have impact on LST, thus providing decision support for governments to allocate water resources.
